





AN ADAPTIVE IMAGE PROCESSING ALGORITHM FOR FIELD PLANT POPULATION 



















Submitted in partial fulfillment of the requirements 
for the degree of Master of Science in Agricultural and Biological Engineering 
in the Graduate College of the  






















 Plant population is among the most important items of agricultural data. In crop science, 
plant population determines canopy closure time, plant spacing, and weeds competition. For 
farmers, if plant population can be obtained in time, it can help in crop management decisions on 
replanting, fertilizer application, and estimation of yield. For agricultural manufacturing 
companies, they need plant population data to check the accuracy between planter setting and 
actual plant population.  
However, counting of plant population is difficult in agriculture. Manual counting is the 
main counting method to get plant population. For 30 inch rows, researchers or farmers measure 
17 feet 5 inches and count the number of plants along the length to get plant population of 
1/1,000 acre. Then the count is multiplied by 1,000 to get the per acre population. This method is 
a sampling estimation with lots of time cost. To improve the counting efficiency, image-
processing methods have been used to identify individual plants and count plant numbers in 
small experimental plots with a ground camera. But those methods are limited to an experimental 
environment with fixed cameras, which is hard to apply in large fields. 
With advanced technologies, it is possible to collect field images by using an unmanned 
aerial vehicle (UAV). In the most recent research, low-altitude (under 10 m) drone images have 
been used to estimate plant density of wheat crops. New algorithms of plant counting have been 
proposed for low-altitude drone images. But the limitation is that low-altitude flights only cover 
small field area and may damage plants near the flight path.  
In this study, a novel image-processing algorithm is developed for measuring plant 
population from medium-altitude (25 m - 50 m) drone images. Those images are collected by 
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UAV image system for an 80 acres field. Based on a large number of field images, the algorithm 
was developed with overall consideration of crop color, crop space, growth status, and plant row 
information. Then, drone images are processed by the algorithm to generate a plant population 
map of entire field. Finally, the population map was checked by real field counting results.  
The population results are generated from medium-altitude drone images. When 
compared real field check points with manually counted populations, the difference of their mean 
population is less than1,000 plants/acre. The R
2
 between the manually checked points and the 
population map is 0.82, which means the two datasets in these sample points are highly 
correlated. Then for the two groups of data, statistical analysis by paired-samples t test yielded a 
p value of 0.062. There is no significant difference between two groups’ data.  
For this proposed method, the UAV imaging system can cover an 80-acre field in 10 
minutes, and the plant population map of the entire field can be generated by the algorithm 
within 120 minutes, which would cost hundreds of hours for manual population counting. For the 
experiment field, planter population setting was 31,000/acre, while the actual counted plant 
population is averaged at 27,000/acre, 12.9% less than setting. 
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CHAPTER 1: INTRODUCTION 
 
With rapidly growing populations and developing economies, global consumption of 
food and raw materials has greatly increased in the last decade. In the next thirty years, the 
demand for agricultural products is expected to increase by 60% to 110% worldwide [1]. To 
meet this increasing demand, precision agriculture, which effectively increases crop yield per 
unit area through precise management, is the solution considered to have the greatest potential 
[2]. The goal of precision agriculture is to minimize the input and maximize the output of each 
unit of field. 
Precision agriculture is an information-based field management method. In modern 
society, agricultural production processes are now evolving in an Information Age [3]. These 
technologies are improving the monitoring of crop growth and field environment. Advanced 
sensing technology offers the basic data collection needed for precision agriculture. Many 
studies of field data collection methods have been done, mostly concerning the use of sensor 
network technologies, dealing with questions such as complex outdoor environments, aspects of 
sensor placement, sensor design, sensor communications, and power control [4] [5] [6]. In recent 
years, with rapidly developing drone techniques, unmanned aerial vehicles (UAVs) have 
gradually played an increasing role in collecting field data [7] more conveniently and effectively, 
without damaging surrounding crops [8]. In this study, a UAV image system was used as the 
data acquisition system to collect field image data during the seasons. 
Detailed data of field are used to achieve targeted field management. For different 
agricultural data, plant population, directly reflecting the number of crop plants in a certain field 
2 
 
area, is one of the most important items of agricultural data that offers effective crop information 
help in crop management decisions [9].  
Early in the season, with an effective map of plant population, precise chemical 
application can be implemented by farm managers.  In Illinois, water damage caused by 
excessive rain always results in plant population loss at field ponding areas. Effective population 
data can help replant and reduce the yield loss [10]. The relation between plant population and 
final yield was clearly discussed in previous researches [11]. Plant population data can be used to 
estimate field yield at an early time, which helps field managers to make decisions prior to sale. 
Also, plant population data can be used to check planter accuracy in agricultural machinery study. 
Plant population counting was difficult in previous agricultural production. As the main 
counting method to get plant population, researchers or farmers have to walk into the field, label 
a certain area, and count the plants manually. Studies have been done to analyze plant numbers 
by image-processing methods. Wang et al. developed a chlorophyll fluorescence imaging–based 
system for plant population detection [12]. Ribera et al. used a deep learning method to count 
plant numbers [13]. Machine vision systems have also been used in counting fruit on the tree 
[14]. However, those crop counting methods are all based on a ground camera limited to a small 
experiment field, which restricts their application to real, large fields. Jin et al. addressed a novel 
estimation method of plant density of wheat crops from low-altitude (under 10 m) UAV images 
[15]. This method has proper plant-counting performance with low-altitude sample images. For 
low attitude images, plants are easier to be identified. But low-altitude flights increase numbers 
of processing images and propeller wash of UAV may damage the plants around.  
In this study, based on a large number of field images collected by our UAV image 
system and specific App, we propose a novel algorithm of plant population counting to generate 
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a field plant population map with overall consideration of field environments. The algorithm 
counting results of this method have been calibrated by manual counting in the image, and then 
checked by field counting results. The comparison of algorithm and manual counting results 
prove that the new image processing algorithm is accurate in large-field population counting. In 
final results, the actual plant population of field is about 13% less than planter setting, which is 
useful for agricultural machinery factory.  
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CHAPTER 2: OBJECTIVES 
 
In this study, the feasibility of using a UAV-based crop field remote sensing system is 
tested for early season plant population measurement.   
The objective of this study is to develop an environmentally adaptive image-processing 
algorithm for a large (80 acres) field by UAV imaging sensing system. The function of the 
algorithm is to extract plant population data from multiple field images, offering an effective 
method for plant population analysis. Specific tasks include: 
1. Image data collection: Use the UAV to take multiple images over an 80-acre field weekly 
during the growing season with different flight heights. 
2. Image data management: Check the image data set and select the best flight samples with 
various heights and times for plant population analysis.  
3. Image processing algorithm: Process individual images with proper image-segmentation 
parameters, identify crop plant(s) accurately, count precise number of crop plants per 
unit area, and generate plant population data for each image. 
4. Image pattern analysis: Combine all process results from single images and generate a 
final population map of the entire field. For comparison, generate a combined original 




CHAPTER 3: LITERATURE REVIEW 
 
3.1 UAV Application in the Agricultural Field 
Precision agriculture has caused a revolution of agricultural production and management. 
The ideas of precision agriculture involve precise crop management, minimum chemical input, 
maximum field output, and environment protection [16]. For providing the data basis for precise 
crop management, remote sensing technology has been a most valuable technology [17].  
There are two types of traditional remote sensing approaches. One of the choices is to 
place remote sensors on towers over crop fields [18], in which case the fixed position will limit 
the field of data collection. The other technique is to use aircraft or satellites to collect data. 
However, use of aircraft is limited by the high cost and complexity, and satellites are also limited 
by temporal and spatial resolution [19] [20]. As a new remote sensing tool that overcomes most 
previous limitations, the unmanned aerial vehicle (UAV, or drone), combined with aerial imagery 
and adequate computation, offers a new remote sensing solution for field management and 
monitoring [21]. 
For the advantage of flexible aerial imagery, many studies using UAV imagery systems 
have been performed. Xiang and Tian developed an autonomous UAV-based system to collect 
field image data [22]. Multitemporal imagery taken by a UAV has been used to monitor 
sunflower growth [23]. With different cameras, a UAV imaging system can take Fabry-Perot 
interferometer (FPI)-based spectral imagery and produce estimates of crop biomass [24]. 
Expanding the scope to environmental studies, UAV imaging has also been used to assess water 
stress in crops for sustainable agriculture [25].  
A UAV has also been used to spray pesticide with high efficiency and adaptation to 
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complex terrain such as hills and forests [26]. Huang et al. developed an UAV-based spray 
system for highly accurate site-specific application to small plots or to specific spots within a 
larger field [27]. Also, UAV control rules for pesticide spraying have been studied and discussed 
[28]. 
 
3.2 Image Analysis in Agricultural Study 
Image analysis has been widely used in agricultural study, because images contain 
abundant crop information in a compressed form. In the last century, infrared images were used 
for precise crop protection [29]. Then European Remote Sensing (ERS)-2 satellite synthetic 
aperture radar (SAR) images were used for classifying cotton crop growth [30]. Image analysis is 
used at the level of individual grains to classify wheat by vitreousness (an optical property) [31]. 
To deal with large field areas, image processing has also been used for crop field mapping on the 
basis of known information about plant species shapes [32]. 
 While image-processing algorithms have made great progress in the last decade, new 
algorithms have been applied in crop image analysis. Senthilnath et al. present a hierarchical 
clustering algorithm for crop type classification based on high-resolution multispectral satellite 
images [33]. An improved watershed algorithm has been developed for distinguishing touching 
corn kernels in a digital image [34]. Genetic algorithms and maximum entropy methods have 
been used for identifying diseased portions of a leaf [35]. As an advanced image processing 





3.3 Morphological Features of Crops 
The morphological features of crop plants change as crops grow, which directly reflects 
crop status. Useful information can be extracted from morphological characteristics that help to 
make strategies for crop management tasks such as fertilization, irrigation, and pesticide 
application. Water use and photosynthesis efficiency can be calculated by canopy size and plant 
structure [37]. Plant leaf color has been analyzed for plant disease identification [38]. Corn 
height data, obtained using an acoustic sensor, can increase the accuracy of crop yield estimates 
obtained from optical sensing [39]. Those crop data can be extracted from morphological 
features and used in deep analysis. 
In the agricultural field, plant row width is an important characteristic based on 
mechanized production that can be used in various field analyses. The relation between yield 
responses to defoliation events and different row widths has been studied by Battaglia et al [40]. 
Likewise, narrower plant row spacing improved weed management in mungbeans [41]. 
Management of soil nitrate is influenced by the spacing of previous plant rows [42]. Plant row 
width has been automatically determined from images and used for precise control of spraying 
[43]. Machine vision systems and image-processing methods have been used for automatic plant 
row identification [44]. 
 To analyze plant population, researchers have tried different methods, such as the 
analysis of seeding systems [45].  
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3.4 Plant population Analysis in Agriculture 
 The relationship between plant population and field yield was analyzed in previous study 
[11]. Precision agriculture depends on site-specific data of plant and final yield [46]. Few studies 
have been done to analysis plant population, because of the difficulty of data acquisition. 
 As the main method used by field managers in actual production, manual counting costs 
hours to get several sample points, with high standard deviation. Then, image-processing 
methods have been applied to count plant number automatically. A chlorophyll fluorescence 
imagery system has been developed for plant population detection [12]. A deep learning method 
has been used to count plant number [13]. Machine vision systems are also used in counting fruit 
on the tree [14]. These researches, using a ground camera, are limited by the inconvenience of 
movement and small sampling area, which is hard to apply in actual field monitoring.  
 For effective image data collection, UAV imagery systems are applied for plant 
population analysis recently. Lelong et al. used a UAV to monitor wheat population in small plots 
[21]. Jin addressed a novel estimation method of plant population from low-altitude UAV images 
[15]. However, these plant counting algorithms have worked only in drone images under ten 
meters with small image samples. Low-altitude UAV imagery will generate huge workload for a 
large field, and may damage the plants. Thus, a new algorithm of plant population analysis based 
on medium-height UAV imagery is demanded.  
For complex field environments, crop residue, grassland, road, weeds, and other 
disturbance items can interfere with plant population counting. Also, the image quality can be 
reduced by strong sunlight, unbalanced image brightness, color cast, and dark background. So 
the new algorithm should be effective to process complex field items, unbalanced image 
background, and crops at different times with highly reliable counting results.  
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CHAPTER 4: MATERIAL AND METHODOLOGY 
 
4.1 Image Data Acquisition System  
For effective image data collection, a data acquisition system was built, including UAV, 
camera, and specific flight control App.  
 
4.1.1 Vehicle, Camera, and Image Data Format  
The image data acquisition system (Figure 4.1) was the AgVision System (Ag-Sensus, 
Urbana, IL) based on a Phantom 4 UAV (DJI, Shenzhen, China). This lightweight UAV is 
designed primarily for hobby photography. As a quadcopter, the Phantom 4 has four brushless 
motors operating at variable rotor speeds under a well-designed flight algorithm to achieve 
directional flight and turning. With effective motor and concise shape design, the Phantom 4 is 
less battery consuming and undergoes less vibration compared to other platforms.  
 
 




Figure 4.2 shows the specifications of the Phantom 4. For this smart drone, the max speed 
is 20 m/s. With a 6,000-mAh battery as standard, it can support a maximum of 28 minutes flight, 
which is fitting for large field sampling. The UAV camera sensor has 12.4M effective pixels; the 
lens field of view is 94°, and photo ISO speed range is 100–1600. 
 
Figure 4.2: Technical specifications of Phantom 4. 
 
The image data format is JPEG with recorded GPS information. The default image size is 
4,000 × 3,000, with camera field of view of 80°. All image data is stored on the SD card inside 
the Phantom 4. 
 
4.1.2 Image Sampling and Flight Control by Developed App 
Image data collection is the process of image sampling in the fields. The planning of 
image sampling positions is important as well as UAV flight path. The goal of image sampling is 
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to cover required area completely with small image overlap. Also, GPS coordinates are recorded 
for each UAV image.  
Thus, for effective image sampling and flight path planning, AgVision, an autonomous 
agriculture field remote sensing IOS app (Ag-Sensus, Urbana, IL), was used. The flight app was 
developed as a “farmer’s personal UAV assistant”, integrated with Google Maps, UAV mission 
control and camera attitude real-time adjustment to provide user with a fully autonomous crop 
field sensing system. The user interface of the app is shown in Figure 4.3. 
 
Figure 4.3: Flight control app. 
Once the user finds his farm and inputs the field boundary, the flight control app would 
automatically generate the flight paths and the image sampling position depending on the 
mission selected. Once the field sensing mission is finished, the system will perform the stitching 
of all the field images on the mobile device.  Figure 4.3 shows an example of an image 
acquisition experiment in field “Christian80” in early May. This field is 80 acres in size. In this 
app, drone position is recorded in real time with GPS coordinates, showing as a big blue circle 
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marker in the geoinformation map.  
At start, the boundary of the field is input manually; it is identified on the screen by red 
pins at the four corners. This boundary determines UAV image area. Then the flight altitude is 
input; the app automatically calculates how many images need to be taken for full coverage of 
this area. As shown on the app screen in the center in Figure 4.3, all the sampling images are 
matched together in order from one corner with sequential numbers appearing in the centers. 
These numbers inside individual yellow squares determine the flight route. The small yellow 
squares represent the photo area of each sampling image.  
In this example, the UAV will fly straight east from square 1 to square 11, then turning 
north to go from square 11 to square 12, turn west again to go from square 12 to square 22, and 
so on to arrive finally at square 44. For this 80-acre field, 44 images will be taken, one at the 
center of each numbered square, at a height setting 58 m, to cover the entire farm. 
 
4.2 Field Images Collection 
 Detailed information of field Christian80 was recorded as important references. Then, in 
image collection, different time and heights were chosen for sampling flights.  
 
4.2.1 Field Information 
 The name of the experiment field is Christian80, located at the northwest corner of 
County Rd 2500N and County Rd 1300E, near the village of Thomasboro, Illinois. The area of 
the field is 80 acres. The planting crop in 2017 was corn, and the date of seeding was April 19th. 
As shown in the left panel of Figure 4.4, the marker near the south building in left map indicates 




Figure 4.4: Experiment field and soil map. 
 
 In the right panel of Figure 4.4 is the soil map of Christian80, based on 16 points 
sampling. The major soil type of the field is Drummer silty clay loam, covering 52.6%. Brenton, 
Raub, and Clare silt loam are three other soil types covering 22.9%, 14.0%, and 10.5%. The soil 
condition is fitting for crop growth.  
 The crop type is corn in this field, so this study is taken for corn population analysis.  
 
4.2.2 Field Sampling by UAV for Plant population 
In the experiment field, there was a sampling flight every two weeks to monitor crop 
status during the whole growing season, from early May to October.  
For plant population analysis, three flight samples were taken with different flight time 
and heights:  
1. May 16, 25 m flight height, 27 days after planting 
2. May 27, 30 m flight height, 38 days after planting 




Increased UAV flight heights were designated in the three flight samples, because 
individual plant grows during the time, making it easier to identify from the image. Flying high 
is in general a preferable choice because it increases the covered area of each image and 
therefore decreases the number of images to take. In image processing, each plant needs at least 
7–10 pixels to be recognized individually. So there is a maximum UAV flight height connected 
with the number of days the corn has been growing.  
To determine UAV flight height, the width of a single plant needs to be considered, 
which changes over time. The width of a plant can be estimated by Crop Area Ratio (CAR), 
which is the ratio of total crop area to entire field.  
Width of plant (m) ≈ CAR × plant row spacing (4.1) 
CAR can be estimated as the ratio of individual plant width to plant row spacing. Then 
the width of plant (m) can be calculated.   
Real width of image (m) = 2 tan(40°) × flight height      (4.2) 
The camera view degree is 80°. Thus the real width of image can be calculated by flight 
height.  
 (4.3)  
Based on above, the pixels of individual plant width in the image, which are required to 
be 7–10 at least, can be calculated by flight height. 
The vast majority of corn in the United States is planted at a row spacing of 30 inches or 
0.76 m. The image size is 4,000 × 3,000, so the width of the image in pixels is 4,000. By image 
processing, CAR for corn can be calculated for different growth times. As will be discussed in 
section 4.3, it is 12% at 27 days; 23% at 38 days; 32% at 50 days.  
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According to real width and CAR, recommended sampling height at a given time is 
calculated by substituting equations (4.1) and (4.2) into equation (4.3). According to previous 
calculation:  
Recommended flight height = 1.5 Growth time – 15     (4.4) 
The Growth time in the formula means the number of days after plant seeding.   
 
4.3 Crop Area Ratio (CAR) 
 CAR is the ratio of the area covered by crop to the whole field area. It shows how much 
the crop covers the bare soil land. The ratio is 0% before seed germination; then it increases as 
the crop grows; a ratio of 100% would mean the crops in adjacent rows touch each other. In the 
early part of the season, the crop always appears as green color. So the CAR can also be regarded 
as the proportion of green color parts in the image.  
CAR is an important parameter that can be estimated from part of image samples from 
one sampling flight. Then the parameter can be used as an essential judgment standard when 
analyzing the whole image sample set.  
 
May 16  May 27  June 8 
Image Ratio  Image Ratio  Image Ratio 
DJI_0136 0.1214  DJI_0018 0.2290  DJI_0191 0.3156 
DJI_0141 0.1160  DJI_0022 0.2298  DJI_0194 0.3234 
DJI_0144 0.1068  DJI_0033 0.2243  DJI_0196 0.3235 
DJI_0145 0.1149  DJI_0044 0.2259  DJI_0205 0.3113 
DJI_0134 0.1226  DJI_0049 0.2342  DJI_0218 0.3157 
Average 0.1163  Average 0.2286  Average 0.3179 
Table 4.1: Estimated CAR based on five sample images from one flight. 
 
 As calculated in Table 4.1, five sample images have been chosen from each sampling 
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flight. Image processing was used to analyze sample images. Then the CAR was generated from 
each image and averaged based on all five results. As a result, the CAR for corn is 12% at 27 
days; 23% at 38 days; 32% at 50 days. 
Based on the three sample flights, CAR is computed as green color ratio in the image 
grows from 10% to 33% between 25 and 50 days after planting. CAR of the field increased about 
1% every day during the short period. 
 Above all, the relationship between CAR and plant growth time is estimated as a linear 
trend between 25 and 50 days after planting. For the corn field, the estimated CAR formula:  
CAR = 0.01 × Growth time − 0.15      (4.5) 
This formula is only applicable to corn growth at Thomasboro, 2017.  
 
4.4 Crop Area Identification Method by Image Processing  
 Crop area is the crop part of an image, which normally shows as a green color in contrast 
to the soil color early in the season. CAR is the ratio of crop area to field area in the image.  
Crop area identification is the prerequisite for plant population analysis. The goal of the 
processing is to identify the crop area from complex images. 
 There are six steps of crop area identification:  
1. Collect multiple image samples from a single flight. 
2. Preprocess sample images to increase image quality. 
3. Divided single images into square districts as subregionalization.  
4. Transform square districts into HSV (hue, saturation, and value) color space, and 
separate the hue image from HSV. 
5. Process the hue image by histogram equalization and crop filtering.  
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6. Determine the best filtering threshold automatically by algorithm and extract final crop 
area. This can be regarded as an emphasized substep from step 5.  
 
During the image processing, there are several challenges need to be solved:   
1. Image rotation: The images taken by the UAV are not always neatly oriented. There 
can be a slight rotation. So they need to be revised manual by image software or 
adjusted automatically by an algorithm based on plant row information.  
2. Unstable image background: The background of image can be too dark or bright or 
color cast, which greatly influences image quality. This problem can be revised by 
preprocessing.  
3. Unbalanced brightness and contrast: Unbalance between images and within images 
requires adjustable filtering. One single image is split into 48 square districts, which 
are processed individually with changing thresholds of crop filter. Histogram 
equalization is also a useful method applied to increase image contrast.  




4.4.1 Image Samples 
The Phantom 4 UAV and AgVision App are used for field data collection.  The 
experiment field Christian80 is 80 acres, which is a large area required multiple image samples. 
For a sampling flight at 57 m height, 65 UAV images are needed to cover the whole field. Then 
for 25 m flight height, the field is partly imaged rather than completely covered. 
Figure 4.5 illustrates the parameters of UAV image data collection for field Christian80 
at 57 m height on June 8. In the given flight mission, the UAV flew over the mission way points 
in sequence and take pictures. A single image sample is the photo taken by the UAV at an 
individual way point.  
These image samples are processed for population analysis. The UAV image of the 
whole field is the composite mapping result formed by all 65 UAV images. Those images are 
mapped based on their GPS locations, which is saved with the JPEG image and then the angles 








4.4.2 Preprocessing of Image  
For the complexity of imaging of an agriculture field with multiple images, it is always 
hard to process data from all different images by one non-adaptive algorithm. So every time 
finished image sampling, the quality of collected images will be checked by researchers. 
Sampling images with so bad quality will not be used in next processing.   
Then, sampling images are preprocessed by environment adaptive algorithms to increase 
image quality. There are some preprocessing methods such as white balance and color cast 
balance.  
For example, in some images, the soil color is deep red and causes red background. This 
background will decrease the difference between crop and soil in both RGB and HSV color 




Each image is divided into 48 square districts, a step called sub-regionalization. A square 
district is a unit row segment, which indicates geographical locations, containing several plant 
rows. Each district is also a unit segment for image processing, with specific GPS coordinate and 




Figure 4.6: Sub-regionalization of single image sample for next processing. 
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Figure 4.6 shows an example of sub-regionalization for a single sampled image. The 
example image is from a 25-m height UAV image sampled on May 16. 
The image format is 4,000 × 3,000 pixels, under 80° of camera view. At a height of 25 m, 
the real size of each image is 42.0 × 31.5 m, thus covering 1,320.2 m
2
 or around 0.33 acre. Then 
the image is divided into 48 square districts. Each square district is 500 × 500 pixels, 5.2 × 5.2 m 
in real size, covering 27.5 m
2
. In this and all following square districts, labels of the x and y axes 
show their units of real size in meters. Each square district normally spans five plant rows, which 
are counted for plant population. 
 It is emphasized that the square district is the unit district for plant population counting. 
 
4.4.4 HSV Color Space and Hue Image 
In this step, the square districts are transformed into HSV color space. HSV consists of 
hue, saturation, and value. As the most sensitive vector for distinguishing crop and soil features, 
the hue image is separated from the HSV color space of square districts. Hue is the color portion 
of the color model, and is expressed as a number from 0 to 360°. The hue image is more accurate 
on color differentiation than RGB is, especially for a dark image with less contrast between crop 




Figure 4.7: Hue image separated from district HSV color space. 
 
Figure 4.7 is an example of a hue image separated from a district HSV color space. The 
hue image has increased image contrast through a histogram equalization process. Each plant 
row is shown clearly as a bright yellow column in the hue image. In original image, because of 
low brightness and soil interference, it is hard to select crop in the RGB image. In the hue image, 
the crop feature is enhanced, which makes it easy to distinguish. 
 
4.4.5 Histogram Equalization and Crop Filtering 
To identify crop area from a square district, the hue image is processed by a histogram 
equalization method to increase the global contrast. Through this adjustment, the intensities can 
be better distributed on the histogram, especially for object identification with close contrast 
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values. After contrast increase, a crop filter is created with a hue value threshold. The function of 
the crop filter is to divide the image into two parts: crop area and noncrop area. Then noncrop 
area will be removed from the figure. 
 
Figure 4.8: Crop area identified from hue image through the filter. 
 
As shown in Figure 4.8, crop area is identified from the hue image after filtering. The 
noncrop area has been removed from the resulting figure. Morphological processes have been 
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used to close the crop object, preparing for crop counting. 
 
4.4.6 Adjustable Hue Threshold 
The crop filter needs a hue threshold to identify green-colored crop area from the square 
district. The accuracy of the hue threshold determines the accuracy of population counting 
For the complex field environment, there should be an adjustable hue threshold when 
filtering different square districts. The quality of field images is easily influenced by soil, 
residue, water, weather, and sunlight direction. There are unbalanced brightnesses and contrasts 
among UAV images from one flight and even within one image. Those factors have to be 
considered in threshold determination.  
 




Figure 4.9 shows the strategy of hue threshold decisions for crop area filtering in square 
districts. For each square district, it has an individual hue threshold.  
Firstly, the green color of crop offers a hue range (100, 255) after histogram equalization. 
It means the hue threshold is a number from (100, 255). 
Secondly, each number from (100, 255) will be tried in turn as possible hue threshold to 
filter the hue image, and result in a calculated CAR. So there will be 154 calculated CAR 
numbers. 
Thirdly, based on CAR formula (4.5), an estimated CAR can be estimated by plant 
growth time and crop type.  
Finally, a closest CAR will be chosen from all 154 numbers compared with estimated 
CAR. The hue number related with the closest CAR will be determined as final hue threshold.  
Additionally, the final hue threshold of the district will be compared with the threshold 
average from previous districts. If the difference is smaller than 15%, the final hue threshold will 
be considered as confident. Otherwise, the final hue threshold will be replaced by previous 
threshold average. 
For example, in Figure 4.10, there are two square districts, R6C1 and R6C3. The image is 
taken at May 16, 27 days after planting, so the estimated CAR is 12%. Then the estimated CAR 
12% is expanded into four increasing ratio ranges with decreasing priority: (0.108, 0.132), first 
priority; (0.096, 0.144), second priority; (0.072, 0.168), third priority; (0.024, 0.216), fourth 
priority. 
For each district, every number from (100, 255) will be tried as hue threshold for filtering 
and result in a calculated CAR. All 154 calculated CAR numbers are fitted into the smallest ratio 
range to calculate the priority, and then ranked to find the closest CAR with highest priority. 
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Then the related hue number is the final hue threshold which can minimizes the difference 
between the calculated and estimated CAR. For the R6C1 district, the hue number 239 obtained 
a calculated CAR 10.2%, which fits into the ratio range (0.096, 0.144), with second priority. For 
all hue number from (100, 255), value 239 has highest CAR priority. Thus the final hue 
threshold for the district R6C1 is 239. 
In some cases, the square district will include a large blank area such as a road, a 
building, or bare soil caused by flooding. Obviously, the CAR in this district will be much lower 
than normal. Then the algorithm will calculate a large, fluctuating hue threshold, which is wrong. 
For avoiding such situations, the chosen hue threshold needs to be checked by the previous 
average. 
To check the value confidence, threshold average of previous processed districts was 
used. Because in a single image, the hue threshold for all divided districts should be on the same 
level, floating in an acceptable range. The confidence floating range is set to 15% here. If the 
threshold difference is larger than 15% at this check, the chosen threshold will be replaced by the 
average value 236.2, ignoring the CAR result. 
 
Figure 4.10: Threshold example of R6C1 district. 
 
In Figure 4.10, average chosen hue threshold before R6C1 district is 236.2, while the 
threshold chosen for R6C1 is 239.  The threshold difference is 1.19%, which is acceptable. So 
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the threshold value 239 passed confidence check. If the threshold difference is larger than 15% at 
this check, the chosen threshold will be replaced by the average value 236.2. 
 
 
Figure 4.11: Crop area identification with changing hue threshold of filter. 
 
Figure 4.11 is an example of changing hue threshold of crop filter. The best hue threshold 
of each district changes based on different image conditions. Square districts are split from one 
field image. The hue threshold of a square district is determined by color, CAR, and previous 
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threshold average. Green color offers a wide threshold range, CAR specifies a certain threshold 
value from the range, and then the value confidence is checked by the previous threshold 
average. 
Through the crop filter, crop area is identified with the most fitting threshold.  As a 
reference, Otsu's method also has good performance of crop area identification, except for 
images with dark background.  
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4.5       Plant Population Calculation: Plant Row Counting Method 
 In this study, the crop type is corn, so the plant population also means corn population. 
The main counting method of population analysis is plant row counting, which is used to 
generate final population map.  
The idea of plant row counting is to identify plant row from crop area, count plant 
numbers of each plant row, and get total plant numbers of every square district.   
In field images, plant row is also an important morphological feature, which can be 
utilized for plant population, weeds identification, and even UAV flight guidance.  
 
4.5.1 Plant Counting from Plant Rows  
Plant row Counting is the method to count plant numbers from plant row regions in in a 
square district. It’s the plant counting from plant rows.  
As shown in Figure 4.12, plant row regions are region strips with red boundary, identified 
from crop area. For each region strip, plant number is calculated by the region height (m) divided 
by planting interval (m).  
Regional plant number = Plant row region height (m) / Planting interval (m) (4.6) 
Plant row region height is the height/length of every region strips. Based on planter 
setting, the planting interval of experimental field is 0.2 m, and the plant row region height is 
calculated by pixel resolution.     
Figure 4.12 shows an example of plant row counting for the R6C1 district. In the R6C1 
district, discontinuous plant row is identified as 46 plant row region strips. In the lower image in 
Figure 4.12, identified plant row region strips are outlined by red rectangles. Each region strip 




The plant number of each region strip has been calculated, shown in the figure at the right 
of the region boundary in yellow. Then the sum of all region strip plants is the final plant number 
of district R6C1, written at the top of the lower image. For R6C1, the counted result is 125 corn 
plants, 4.6 corn plants/m
2
, or about 20 thousand/acre, before calibration.  
 
Figure 4.12: Plant row counting for R6C1 district (May 16). 
 
The image sample of Figure 4.12 was taken on May 16, 27 days after planting. Figure 
4.13 shows the plant row counting for the R1C4 district on May 27 and for the R6C6 district on 
June 8. Plants are too small to identify early in the season, and they become overlapped late in 
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the season, both of which reduce the accuracy of crop counting.  
Plants on May 27 have the best size for counting plant population, around 38 days after 
planting. On June 8, 50 days after planting, parts of plants in the sample image have overlap of 
their extended leaves and shadow. Thus a large region strip containing two plant rows has been 
labeled. The width of the identified region strips will be checked by the plant row spacing (0.76 
m) to determine how many plant rows contained in the region strip. Because large region strips 
may contain several plant rows. In the example, the region strip of R6C6 district contains 80 corn 








4.5.2 Calibration of Plant Row Counting 
 Calibration for plant population results was extremely difficult in previous studies with 
manual counting. In this study, medium-altitude UAV images and image-processing algorithms 
make it possible to check the population details.  
 Calibration of plant row counting is important for imaging early in the season when the 
crop is young and small. Small plants can be missed by filtering, reducing the population result. 
Later in the growing season, about 40 days after planting, the corn is large enough for clear 
identification, but the tall corn leaves always cause dark shadows under sunshine to increase the 
CAR. For corn growing in Illinois, the overlap will appear in the image around 60 days after 
planting. 
Six samples of square districts, including R6C1, were chosen randomly for calibration. 








Figure 4.14 shows the manual counting and plant row counting results for May 16 data. 
Manual counting results are considered as ground truth data. Then, by comparing ground truth 
and algorithm results, a calibration coefficient can be generated. 
Revised plant counting = (1+ calibration coefficient) × plant row counting (4.7) 
The calibration coefficient is a number to revise algorithm counting results.  
 
Figure 4.15: Calibration coefficient estimates to revise plant counting results. 
 
As shown in Figure 4.15, the average result for the calibration coefficient of plant row 
counting for May 16 data is 0.10. The paired-samples t test yielded a p value of 0.012. There is 
significant difference between two groups’ average. So, all algorithm counting results will 
increase 10.0% to get revised data. In the images from early growing season, young plants can be 
missed by filtering because of their small size, which reduces the algorithm-counted number. 
The calibration coefficient is reasonable.   
After calibration, a plant population map of the sample image can be generated by 
combining revised plant numbers of all districts together. Figure 4.16 is the final plant population 
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map of a single image generated by the revised plant row counting method.   
 
Figure 4.16: Plant population map of a single image using the revised plant row counting 
method. 
 
The population map in Fig 4.16 has similar population result in all districts, except R4C8. 
The plants are uniform distribution shown in the algorithm result. The population of the 




4.6 Plant Population Calculation: CAR Method  
 Plant population can also be estimated by CAR of the images. CAR Method is just a 
counting reference, because it has lower accuracy than Plant Row Counting Method.  
During the growing of corns, the extended length of leaves will gradually cover the bare 
soil. This change of CAR is another feature for field analysis. CAR can be generated by the 
green selection algorithm. Also, single-crop ratio can be calculated as the ratio of single plant to 
the square district. Thus, the plant population is equal to CAR divided by single-crop ratio.  
District plant number = CAR of district / Single-crop ratio (4.7) 
 
The processes of the CAR method consist of the following steps:  
1. Obtain ground truth data and compare with CAR. 
2. Calculate single-crop ratio, the ratio of a single plant to the district. 
3. Calculate population using CAR divided by single-crop ratio. 
 





Table 4.2: Coefficients for CAR converted to plant population. 
 
 Figure 4.17 shows the CARs of six sample districts from May 16 data. Based on ground 
truth data that are manually counted, single-crop ratio can be calculated as average plant number 
divided by average CAR. The single-crop ratio is 0.001 from Table 4.2, which means a single 
plant covers about 0.1% of the area in a square district.  
Then the population of all districts can be estimated as CAR divided by single-crop ratio 




Figure 4.18: Plant population map of single image using CAR method. 
 
The population map in Figure 4.18 is uniform in the center and east parts. In the original 
image, the plant population near the southwest corner should be low, shown in the population 
map. The average population is lower than reality, because small corns in May 16 decrease CAR. 
The advantage of the CAR method is quick and simple, but it can be easily influenced by 




4.7 GPS Dataset Extraction from Image Data 
For next analysis, the image processing results can be converted to a series of data set 
with GPS coordinates. Each image taken by the UAV has a GPS coordinate of its center point. 
There are 8 square districts along the image width. So the real length of each district square is 
1/8 of the real width of the image in meters, which can be calculated by equation (4.2). Based on 
center GPS coordinate of image and district square side width, the center GPS coordinate of each 
district can also be calculated as shown in Figure 4.19. Finally, the plant population of each 




Figure 4.19: GPS coordinate of each square district based on GPS center point. 
  
4.8 Image Mapping Method  
The experimental field is 80 acres. To cover the large field, multiple images need to be 
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taken. Those images have to be combined to represent whole-field information, as well as their 
processing results. 
Based on GPS information saved in each image, an OpenCV program has been 
developed for image mapping. Those images are mapped by their GPS coordinates. Then, 
because of the wind and GPS shifting in UAV flight, each image has to be adjusted manually to 
fix image rotation and overlap problems. Final mapping results are shown in Figure 4.20. 
 




4.9 Schematic Diagram of Plant population Analysis  
 Figure 4.21 is the schematic diagram of plant population analysis. All of processing steps 
can be divided into three stages.  
 The goal of first stage is to generate square districts as processing unit of plant population 
analysis. Every single image from one UAV flight is divided into 48 square districts (row 
segment) with GPS coordinates. 
 The goal of second stage is to identify plant row regions (region strips) from square 
districts. Crop areas are identified from the square district, through crop filter with an auto-
adjusted hue threshold.  Then by the regionprops algorithm, plant row regions can be identified 
from filtered crop area. As shown in above figure, plant row regions are region strips outlined by 
red rectangles, with plants inside.   
 The goal of third stage is to generate population map based on district population values. 
The plant number of each square district is the sum of plants in all region strips. Population 
values of 48 square districts formed a population map of single image. Then all single-image 
















CHAPTER 5: RESULTS 
 
5.1 Plant Population Results  
Plant population results are generated by the algorithm based on plant row counting. 
Then the results are shown as population map. There are three sample flights of the fields taken 
at different time. Thus population maps from three flights image can be compared to analyze the 
accuracy of results.  
 
5.1.1 Calibration of Three Sample Flights  
To increase counting accuracy, plant population maps have to be calibrated. The 
calibration step of population results is explained in section 4.5.2. Sample districts are chosen 
from images. Then the algorithm counts are compared with manually counted results to get a 
calibration coefficient, which will be used to calibrate all counting results from the same flight.  
As discussed in Chapter 4, three flights were made at altitudes at 25 m, 30 m, and 57 m. 
For the 25-m and 30-m altitude images, individual plants in sample districts were identified 
manually to count ground truth data. For the 57-m altitude images, because sample districts 
covered 143.0 m
2
 with almost 1,000 plants, manual counting was based on row estimation. 
Square districts were also checked to find whether plants were missed or overcounted by the 
algorithm. 
The calibration coefficients for the three sample flights were found to be 1.1, 1.02, and 
0.99 for the 25-m, 30-m, and 57-m altitude images. Revised population results are found by 
multiplying the originally calculated populations by the calibration coefficient for their flight. 




5.1.2 Plant Population Results of Three Sample Flights 
 As described in Chapter 4, three sample flights were taken over the field Christian80 at 
different heights and times. The planting crop was corn in 2017. Sample images from the 
different flights were processed to show corn features and population in Figures 5.1 through 5.3. 
 
Figure 5.1: Corn features and population from May 16 sample. 
 
Figure 5.1 shows a processing sample of the May 16 image, taken at 25 m height, 27 days 
after planting. Plant size is quite small at 27 days after planting; it is just 2–3 weeks after 
emergence, with about 4 expanded leaves. Thus, to get sufficient pixels per plant, the UAV has 
to fly at 25 m height or lower for efficient corn images.  
As shown in Figure 5.1, the plant population map is generated from 48 districts (6 rows, 
8 columns) of the original image. Each district has an individual counted plant number. Most of 
population results are in the range of 22,000 to 30,000 plants/acre, matching the planter setting. 
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Then, as unit squares, districts form the final population map. 
Because of small plant size, population results in the May 16 samples are normally lower 
than reality. By the data calibration, the counted district numbers will be multiplied by the 
calibration coefficient for the final population map. In Figure 5.1, for R4C4 district, for example, 
the detected plant number is 144, so the final population is 144 × 1.1, or 158. The blue color 
indicates that district R4C8 has a much lower population in the map. Based on the original 
image, this is an erroneous number because of incorrect filtering results. 
 
Figure 5.2: Corn features and population from May 27 sample. 
 
The processing of the sample of the May 27 image is shown in Figure 5.2. The sample 
was taken at 30 m height, 38 days after planting. This time, the corn was larger and had the best 
size for plant population analysis. The UAV was flying at 30 m height and yet had sufficient 
pixels for plant identification. The population result is most uniform and offers the most 
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confidence from this sample flight. 
Most population results in Figure 5.2 range from 23,000 to 28,000 plants/acre, matching 
the real field condition. In column 1, near the west boundary of the population map, all six 
districts have high plant populations. The reason is that the districts from the first column contain 
exactly seven corn rows, while other columns normally have six rows. As an example, the R2C1 
square district is also shown in Figure 5.2.  
 
Figure 5.3: Corn features and population from June 8 sample. 
 
Figure 5.3 shows the processing of the sample of June 8 images. The sample was taken at 
57 m height and 50 days after planting. This time, corn plants are large enough and preparing to 
produce pollen. Because of increasing stem height and leaf areas, there can be corn shadows in 
sampling image, which reduce the image quality. Also, overlap starts to appear between adjacent 
rows of corn plants. These features increase the difficulty of plant population counting. 
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In Figure 5.3, most population results range from 24,000 to 30,000 plants/acre. The 
population data are uniform, agreeing with the unit crop distribution of sample image. The plant 
population at the southwest corner is slightly smaller, which reflects the discontinuous plant rows 
of the original image.  
Above all, plant population analysis based on plant row counting is effective for large 
agricultural fields.  
 
5.2 Comparison of Three Flight Results in the Same Location  
For checking the accuracy of the image-processing algorithm, sample images were 
chosen from the three flights with almost a same GPS center. The populations of these three 
samples will be compared to find their relation. It should be noted that, although the three sample 
images have almost the same GPS center, the cover areas of the images are not the same because 
of the different heights. So the population comparison is not strictly matched by districts. 
The detailed information of the three sample images is as follows: 
1. Sample 1, GPS center (40.23913°, −88.22075°), flight height 25 m, image area 1,320.2 
m
2
, divided into 48 districts of area 27.5 m
2
. 
2. Sample 2, GPS center (40.23908°, −88.22037°), flight height 30 m, image area 1,901.0 
m
2
, divided into 48 districts of area 39.6 m
2
. 
3. Sample 3, GPS center (40.23903°, −88.22044°), flight height 57 m, image area 6,862.7 
m
2
, divided into 48 districts of area 143.0 m
2
. 
Because the three samples were taken for nearly the same location of the field, and there was 
no replanting in the area, the population results should be sufficiently close in theory, especially 




5.2.1 Sample Images and Their Population Maps 
The population maps of three flight images are showing below with explanations.   
 
Sample 1: May 16  
 
Figure 5.4: Original image and the population map of sample 1. 
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The image from sample 1 and its population map are shown in Figure 5.4. In sample 1, 
the shadow of the UAV itself appears in the middle west area. The vertical sunlight cast strong 
reflection on the ground, and then the reflected light influenced UAV camera. The area near the 
shadow has the highest brightness, while the area near the eastern boundary has the lowest 
brightness. The unbalance of brightness reduces image quality and decreases the accuracy of the 
processing result. The best time for UAV flight is early morning or late afternoon, which 
decrease potential interference of sunlight as well as light reflection on the ground. 
In the population map of sample 1, the corn populations of most districts vary from 
20,000 to 30,000 plants/acre, which is a convincing result close to planter setting. The blue 
district R3C6 has a much lower population, which is an incorrect counting result because the low 
brightness and crop residue in the district influence the crop filter and thus reduce the identified 
region of plant row. Sometimes for two adjacent districts, there are similar crop statuses in the 
original image, but the population number varies on the map. The reason is that the plant row 
number each district contains can change less than 2. As shown in Figure 5.5, the district R5C1 
contains four plant rows, while the adjacent district R5C2 contains five.  
 




Sample 2: May 27 
 
Figure 5.6: Original image and the population map of sample 2. 
 
The image for sample 2 and its population map are shown in Figure 5.6. The population 
of sample 2 has most uniform distribution. Corn plant images on May 27, 38 days after planting, 
have best plant size for population counting. Corn plant size is not too small or too large, and 
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corn plant rows are clear and neat at this time. Also, the sample 2 image was taken on a cloudy 
day without the sunlight influence, which increased image quality. 
In sample 2, there is a white strip in the northwest area, which represents accumulated 
crop residue. The residue pile area lies lower than the surrounding area. When there is a heavy 
rain, the water from surrounding land will pond at this low point, carrying crop residue with it. 
After the ponded water evaporates, crop residue remains and collects. Although the land is 
covered with residue, most crops can still germinate and grow, with small amount of population 
loss. As shown in Figure 5.7, the green crops can be seen clearly by zooming the image in the 
residue area. The population of residue district R2C3 is 10% smaller than that of the adjacent 
R2C4 district.  
 
Figure 5.7: Crop residue district compared with adjacent area. 
 
In the population map of sample 2, population result ranges from 22,000 to 26,000 
plants/acre, with average population 24,600/acre, while the planter population setting was 
31,000/acre. The population of the residue-piled district is 12% smaller than those of 
surrounding districts. For all district population numbers, the standard deviation is 830 plants per 




Sample 3: June 8 
 
Figure 5.8: Original image and the population map of sample 3. 
 
The image for sample 3 and its population map are shown in Figure 5.8. Sample 3 was 
taken at 57 m height, 50 days after planting. So the sample image covers a large area of field, as 
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well as the grass and road near the east boundary. The crop residue area seen in sample 2 can 
also be identified in sample 3, because the accumulated residue remains in the field for several 
months. In the east part, outside the field, grassland forms a long dense green strip through whole 
image. Although grassland has similar color with crop, the width of grassland region is much 
larger than width of normal plant rows. So an additional judgment was written into the plant row 
counting algorithm to remove the wide grassland region. 
In the population map of sample 3, the six districts of the easternmost column (8) have 
the lowest populations because they contain grassland and road along with field. For the other 42 
districts, the population result is still uniform, varying in a small range with average population 
26,000 plants/acre. The population of district R2C3 with yellow red color is 23,000 plants/acre, 
which is influenced by the crop residue area.  
 
5.2.2    Comparison of Three Population Maps  
 By checking GPS of all sampling images, three population maps have been chosen from 
different samples with similar center GPS coordinates. Each population map has 48 districts as 
the unit population square. However, because of different image height, the areas of the maps 
and map districts are not the same. One district area is 27.5 m
2
 for the 25-m height sample 1, 
39.6 m
2
 for the 30-m height sample 2, and 143.0 m
2
 for the 57-m height sample 3. Districts with 
large size include more plants, which can reduce the influence of incomplete plants appeared at 
image boundary.  
 As shown in Figure 5.9, population datasets are extracted from the population maps. The 
district in the center with the wrong population number is removed from the sample 1 dataset 
manually.  Then the blue districts with population less than 10,000 plants/acre are also removed 
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from sample 3 manually, because those districts containing grassland and road. Then three 
datasets can be compared in a Microsoft Excel spreadsheet. 
 




As shown in Figure 5.10, the three datasets generated from the three sample images are 
compared by district plant population values in thousands of plants per acre. The districts in 
sample 1 are represented by 47 blue points, those of sample 2 by 48 red points, and those of 
sample 3 by 42 green points. The three horizontal lines represent the average population values 
of the three samples: blue for sample 1, red for sample 2, and green for sample 3.  
 
Figure 5.10: Comparison of population data from the three samples. 
 
The average plant population numbers are 23.82, 24.64, and 26.04 thousand plants/acre 
for sample 1, 2, and 3, respectively. The standard deviation of the three average population 
numbers is 830 plants per acre, which means they are sufficiently close. The close results of 
average population are consistent with the condition that the samples come from the same 
location.  
This display shows similar population numbers of same place at different times, so the 
population results are accurate.  
As shown in Figure 5.10, although the three samples have close average values, the 
variances of the data are not the same. All three samples show approximate cyclic variations 
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among the districts, and the blue points from sample 1 have the largest variation. For the change 
in value within a pair of adjacent points, an possible reason is that the districts they represent 
include different numbers of plant rows because of where the image is divided. As mentioned 
before, each district in sample 1 has four or five plant rows, so they may change by 20%. Each 
district in sample 2 has six or seven plant rows, which may causes a change of 14%. Then each 
district in sample 3 has 14 or 15 plant rows, leading to only a slight change of 6.7%, so the green 
points have the smallest fluctuation.  
 To solve the unbalanced distribution of plant row number, three sample datasets can be 
treated with an adjacent average method. The population value of each district is averaged with 
its east adjacent district, its west adjacent district, and itself. For example, the plant population of 
the R1C3 district from sample 2 is 24.82 thousand plants/acre, and the adjacent districts are 
23.78 thousand/acre for R1C2 and 25.14 thousand/acre for R1C4. Then the rebalanced 
population of R1C3 is the average of R1C2, R1C3, R1C4, calculated as 24.58 thousand/acre. 
The population of boundary districts is averaged with one east/west adjacent and another 
north/south adjacent district. 
 




Figure 5.11 shows the data from the three samples after rebalance. With the same average 
populations, the deviations of the three datasets are reduced to 7.1% for sample 1, 2.5% for 
sample 2, and 2.2% for sample 3. The rebalanced data set is more useful for generating the GPS 
dataset.   
Based on the three sample results, the plant population for this area is around 25,000 
plants/acre, 19.3% smaller than planter population setting, 31,000/acre.  
 
5.3 Comparison of Plant Row Counting and CAR Methods 
 In this study, plant row counting is the main method for analyzing plant population and 
generating population maps, while CAR Methods is a reference. The method of CAR is to 
convert crop area directly into plant number, regardless of the individual image size. The plant 
row counting method will identify specific plant rows and count exact numbers of plants, so 
plant row counting is always more accurate and effective than the CAR method, especially for 





Figure 5.12: Comparison of plant row counting and CAR results. 
 
 Figure 5.12 shows an example to compare the performance of the plant row counting and 
CAR methods. For districts R2C1 and R1C7 from sample 2, they have similar CAR, around 
14%. In the CAR method, they will get the same population number. However, when processed 
by plant row counting, district R2C1 has seven plant rows while district R1C7 has only six plant 
rows. Although the average crop size of R2C1 is smaller than that of R1C7, there are more corn 
61 
 
plants in R2C1 district. In this situation, plant row counting is more accurate.  
 The other problem of the CAR method is the challenge of identifying grassland and crop 
area. Grassland and crop area have similar color, which is hard to differentiate in HSV color 
space. Thus the plant row width feature must be introduced as standard for judgment between 
grass and crop. 
  
5.4 Plant Population Result of Entire Field 
 To cover the 80-acre experiment field Christian80, 65 images were taken at 57 m as the 
dataset. Based on the plant population map of each image, a large population map of the whole 
field can be generated. This algorithm can achieves large-field plant population analysis through 






Figure 5.13: Population map of entire Christian80 field, based on June 8 data. 
 
 The whole-field population map is shown in Figure 5.13. There are 3,120 square districts 
in the map, matching district areas in the field. The area of each district is 143.0 m
2
. Each district 
has its individual population value. This population map reveals crop distribution of field in the 
early growing season. Based on this map, farmers and researchers can estimate field yield, and 




Figure 5.14: Detail comparison of original combined image and the whole-field population map. 
 
 Figure 5.14 shows the detail comparison between the original combined image and the 
population map of the entire 80-acre field. On the population map, most district squares have 
yellow-red to dark-red color, which represents population numbers ranging from 23,000 to 
30,000 plants/acre, averaged at 27,000/acre. For this field, the planting population set by the 
farmer was 31,000/acre. The real population number of the field is about 4,000 plants/acre lower 
than the amount planted. In agriculture production, actual plant population will be a little smaller 
64 
 
than the amount planted, because of crop loss by seed failure, flooding, bad weather, and soil 
condition problems.  
Labels 1 and 2 on the population map correspond to low-population areas in the UAV 
combined image. These two areas are land with low elevation, where water ponded seriously on 
rainy days in May 2017. Water flowed from surrounding area, carrying crop residue from last 
harvest season, and then those crop remains accumulated when the ponded water dried up, 
forming pale brown regions in the combined image. Plant population was accordingly greatly 
reduced in the pale areas labeled 1 and 2, especially in area 2. The image shows that the reason 
of the measured population loss is water damage.  
Labels 3 and 4 show long strips with extremely low population, which represent 
boundary districts including road and grassland. The algorithm has been developed to check 
large grassland and count zero corn plants near the road.  
Labels 5 and 6 also show low-population regions at the northwest and southwest corners 
of the field. These low-population areas have two causes. One is, again, low-lying land where 
water ponded. The other reason is that these areas missed planting by the planter as the tractor 
followed a curved path around the corners. 
Labels 7 and 8 show uniform low-population strips that cannot be found in the original 
combined image. These low-population districts represent crossed crop areas between east-west 
direction and north-south direction plant rows. This intersecting problem makes several plant 
rows combine together and reduce the counted population number.    
 Above all, these 3,120 districts with population values reflect the field status and crop 
distribution. Accurate crop information can be recorded with precise GPS location. This dataset 
of whole-field population can be utilized in crop management and crop yield estimation.   
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In precision agriculture, this whole-field map reveals the detail crop information. It offers 
both the general idea and precise status of field condition and crop growth.  
 
5.5 Field Check with Manually Counted Population 
 Plant population maps of the entire field were generated as the final results of plant 
population analysis. To check the accuracy of the field population maps, manual counting in the 
actual field is important. As the traditional method of analyzing plant population, field counting 
is always a time-consuming task. Mistakes and errors can easily happen in calculating the sample 
area or counting the plant numbers. However, field counting can produce ground truth data to 
check the accuracy of UAV-based image-processing methods. 
 
Figure 5.15: Field area check points for manual counting (numbered). 
 
 As shown in Figure 5.15, eight check points near the field boundary were chosen to count 
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plant population manually. For each sample point, a 10 ft × 10 ft, 100 ft
2
 area was encircled with 
a strip line, and then the number of corn plants inside the circled area was counted manually. The 
results of eight sample points were 27.88, 25.26, 29.62, 23.09, 24.39, 26.57, 30.06, and 27.44 
thousand plants/acre. The results of eight sample points in corresponding districts of population 
map were 26.2, 25.4, 26.9, 24.1, 21.5, 26.6, 28.4, and 26.4 thousand corn plants/acre. 
 
 
Figure 5.16: Comparison of map population with manual counting. 
 
 The plant population values of the districts on the map are generated to compare with 
manually counted data. Figure 5.16 shows the comparison between the mapped population 
(green) and manually counted results (red). The average population by manual counting is 26.79 
thousand/acre, while it is 25.69 thousand/acre for map average. The average population values of 
the two data groups are sufficiently close.  
 The R
2
 for the manually checked points and population mapped values is 0.82, which 
means the two datasets at these sample points are highly correlated. 
Then for the two groups of data, statistical analysis using a paired-samples t test is used 
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to analyze their relation. The p value of the t test result is 0.062. There is no significant 
difference between two groups’ data. Thus the data of the population map are confirmed as 
reliable results based on ground truth data.  
Compared with manual counting, the image-processing method with the UAV-based 




CHAPTER 6: DISCUSSION AND CONCLUSION 
 
 Precision agriculture requires detailed point data on the field and crop, forming a large 
dataset, to achieve precise crop management. Plant population can be used in yield estimation 
and precise chemical application. Plant population data can also serve agricultural machinery 
study, checking planter performance.  
In previous studies, there have been three types of approaches to plant population 
analysis. The first, and the basic method used in actual production, is manual counting in the 
field, which is labor intensive and time consuming. The second type is image counting by ground 
camera. Multiple algorithms have been developed for different crops and field conditions. These 
counting methods have good performance in designed experimental plots. However, for a large 
field, a ground camera is difficult to apply in field monitoring. As the third type, the UAV 
imaging systems have been applied to collect aerial images. The UAV imaging systems are more 
convenient, regardless of complex terrains. 
For third type plant population analysis, based on UAV images, some previous studies 
[15] [21] have been done to count plant population by image processing algorithm. However, 
there are two limitations of previous researches:  
1. Low sampling height and small image area: Plant population analysis of those studies is 
based on low-altitude (under 10 m) drone images. For large fields on the scale of hundreds of 
acres, those methods are not practical for plant population analysis. 
2. Small image samples without complex field conditions: The image samples of previous 
studies include small numbers of plants under simple conditions. For complex field 
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environment, crop counting is disturbed by crop residue, grassland, roads, weeds, and other 
items. Also, the image quality can be reduced by strong sunlight, unbalanced image 
brightness, color cast, and dark background.  
 
All above are the research statuses of recent plant population analysis. The goal of this 
study is to develop an image-processing algorithm for plant population analysis from medium-
altitude (25 m - 50 m) drone images. The field images were taken by a UAV at different heights 
and different numbers of days after planting, covering an 80-acre field with complex conditions. 
Then after selection, three representative sample dates were chosen for analysis: 
1. May 16, 25 m flight height, 27 days after planting 
2. May 27, 30 m flight height, 38 days after planting 
3. June 8, 57 m flight height, 50 days after planting 
 
Based on Chapter 4, this system has demonstrated efficient performance in data 
collection in an uncontrolled field environment. The final result of processing is the population 
map of the entire experiment field, consisting of thousands of plant population values from the 
field’s detail districts. The R
2
 between the manually counted population values at a set of 
specified check points and the matching values for those points from the population map is 0.82, 
a strong correlation. The p value of a paired samples t test for the two groups of points is 0.062. 
These check results prove that the processing results and ground truth results are highly related, 
without significant difference. For the experiment field, planter population setting was 
31,000/acre, while the actual counted population is averaged at 27,000/acre, 12.9% less than 




In the image processing algorithm, there are four key links to improve the accuracy of 
population counting.  
 
1. Sub-regionalization. There are unbalance brightness and color cast in a single image. So each 
image is divided into 48 image districts with a different filtering threshold and individual 
plant number.  
 
2. HSV color space. The district field images are transformed from RGB into the HSV color 
space, and then the hue image is generated for plants identification. Compared with other 
color spaces, the HSV color space is more sensitive for color selection. The HSV color space 
consists of three values: hue, saturation, and value. Hue is the color portion of the color 
model, and is expressed as a number from 0 to 360°. Saturation is the amount of gray in the 
color, from 0 to 100%. Reduced saturation will introduce more gray and cause a faded effect. 
Value is the brightness of the color and varies with color saturation, from 0 to 100%. The 
crop areas present clearly in the hue image from HSV color space, even in a low-quality 
image with dark background or unbalanced brightness.  
 
3. Estimated CAR and auto-adjusted threshold. In the processing algorithm, an estimated CAR 
can be calculated from formula (4.5) by plant growth time. Then for each hue image, a hue 
threshold can be calculated for which can minimize the difference between the calculated 




4. Plant row counting. Plant population is counted based on the identified plant row region. The 
default planting interval of corn is 0.2 m. Based on the planting interval, regional plant 
numbers can be counted by the height on the image of each identified plant row region. Then 
the final plant population of image district is the sum of all regional plant numbers. The vast 
majority corn row spacing in the United States is 30 inches or 0.76 m. This row spacing can 
be used to distinguish plant rows from green grassland, which is normally much wider than 
plant rows. About 50 days after planting, overlap can begin to occur in two thick adjacent 
plant rows. Based on the width of identified plant row region, regional plant row number will 
be calculated by row spacing.  
 
 For the UAV system, the advantage is efficiency. The small-volume UAV can take 
images of an 80-acre field in 10 minutes. For the image-processing algorithm, the processing 
result is accurate in complex field conditions. The whole algorithm is built based on an 
assumption: there is a generally uniform CAR exhibited in the experiment field. Then extra 
judgments and processes are developed for other conditions. For complex environments, there 
are still several limitations on the algorithm:  
1. For different types of crops, there should be different formulas for estimated CAR. A 
large amount of image data will be needed to generate the formulas, which will vary by 
plant row spacing and planting interval. In this study, only for corn between 25 and 50 
days after planting has a formula been calculated. 
2. The algorithm assumes there is a general CAR in the field because of seeding occurring 
at fixed row spacing and planting interval determined by the equipment. However, if the 
field seeding is totally random, many errors will happen in the results. 
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3. There are some errors in crop region identification. Small corn plants in the early part of 
the season can be missed because of tiny size. Crossed plant rows are hard to count, 
because there is no structure analysis of plant row region. With similar green color, 
several overlapping plant rows cannot be differentiated from grassland. 
4. Because of changing background and color cast, green color offers only a hue range in 
threshold decisions. Sometimes even the yellow dashed line in the middle of a road can 
be counted as a crop region because it has a high value similar to crop area in the hue 
image after histogram equalization. So a color judgment is necessary before histogram 
equalization to remove the road line. 
5. The algorithm requires enough field information to maintain the accuracy, such as crop 
growing time, plant row spacing, and plant interval. Small changes of input can make 
large changes in the result. 
6. Image collection and image processing are separate steps, occurring in the UAV and a 
PC, respectively. There is a potential to simplify the algorithm and finish processing in 
an onboard computer so that both image collection and image processing can be 
combined on the UAV. 
7. The analysis results should serve actual agriculture production and help in precise crop 
management. 
 
Based on the limitations of the present system just described, future work can be focused 
on the following fields: 
1. Population analysis for different crops: The morphological characteristics vary between 
different crop types. It requires large amounts of data to analyze crop growth. With 
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sufficient image data, this population analysis system can expand and work in more 
crops. 
2. Precise chemical application: Based on the present system, it is possible to achieve more 
precise chemical application. A plant population map with GPS location can serve as 
guidance for precise herbicide/ fertilizer spraying.  
3. Improvement of processing performance: The algorithm can be improved with more 
judgment code for complex field conditions. Also, more crop information, such as crop 
structure and color detail, can be considered to increase result accuracy.  
4. Real-time analysis system: There is the potential to simplify the processing algorithm into 
an onboard computer mounted on the UAV for a real-time population analysis. Then, it 
is possible to add a spray can on the UAV for real-time chemical application. Also, the 
processing results can be sent to a mobile phone for quick view. 
5. More sensors, such as LiDAR and biosensors, can be mounted on the UAV to get further 
crop data. These additional data can be considered in processing to increase accuracy of 
results. Also for precision agriculture, new crop data offer a better understanding of crop 
status, which helps in precise crop management.  
 
Above all, the test results show the capability of the UAV imaging and processing system 
to generate highly reliable plant population map data for a large cornfield. The processing system 
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